eAppendix. Methods
Before creating our opioid high-risk county variable and maps and for data transparency, we mapped the distribution of MOUD providers (zero and quartiles not including 0) and overlaid the quartile distribution of opioid-overdose deaths (eFigure 2).
In our adjusted models that identify the characteristics of opioid high-risk counties, we addressed two issues in our modeling: (a) residual correlation arising from the spatially-indexed nature of the outcome, which is important to protect the veracity of our inference that would be damaged by unmodeled spatial (e.g., between-county) dependence; and (b) suppressed counties whose exact opioid-overdose death rate was unknown, which could generate bias if those counties are inherently different from unsuppressed counties. We used a modification of logistic regression that models the residual spatial trends, and incorporates weights based on the estimated likelihood that a suppressed county was actually high-risk (1):
The function ( ) is a non-parametrically estimated thin-plate spline function of the spatial coordinates of the county centroid, , and models any residual spatial trend. This approach removes residual spatial dependency without requiring prior specification of the dependency structure, and while avoiding computational difficulties arising from large spatial adjacency matrices. Within this model we derived adjusted covariate effect estimates. These models were fit using the R package mgcv.
To address death count suppression, we followed a three-step process: (i) determine the number of opioid-overdose deaths required for a given county, based on its population size, to have a high opioid-overdose death rate; (ii) estimate covariate effects on opioid-overdose death rates using censored Poisson regression, treating suppressed counties as having counts between 0 and 9; and (iii) use the predictions from the fitted model to determine each suppressed county's probability of exceeding the threshold determined in part (i). The model fit in step (ii) included an offset for the log population size, and all of the covariates included in the main model. When the MOUD provider rate is high (≥ the median), or when the maximum suppressed overdose count (9) still results in a low overdose rate, a suppressed county is known not to be an opioid high-risk county. We incorporated those predicted probabilities into the model (1) by weighting cases; for example, for a case with 60% predicted probability of being an opioid high-risk county, two rows were entered into the data set-one with = 1 and one with = 0, weighted by 0.6 and 0.4, respectively. These censored Poisson models were fit using custom R code.
Among the 1245 counties whose risk status was unknown, opioid high-risk county probabilities could be estimated among 831; the other 414 had missing covariate values, mostly due to the primary care clinician and mental health care clinician variables. eFigure 6 shows a histogram of the estimated opioid high-risk county probabilities for those 831 counties. The counties with probabilities far from 50% are those that impact effective sample size the most; 534 (65.3%) had >75% chance of being a non-high-risk county; another 10 (1.2%) had >75% of being an opioid high-risk county. 
